INTRODUCTION

24
The ability to convert atmospheric nitrogen into usable forms makes legumes an integral part of 25 the plant ecosystem. Unfortunately, the expected increase in human population size over the next 26 several decades will require a higher amount of nitrogen than current legume cropping systems can 27 fulfill (Smil, 1999) . This increase in demand requires that researchers better understand and improve 28 nitrogen fixation in current legume species. One species in particular, Medicago truncatula, is widely 29 considered a model species for understanding nitrogen fixation due to its diploid nature, seed to seed uncharacterized genes, as the data-derived relationships allow one to establish a functional context for a 58 gene, even when formal annotations do not exist. 59
A recent study described a new framework to integrate co-expression networks with GWAS as a 60 means to identify candidate genes (Schaefer et al., 2018) . In maize, they ran several GWAS to identify a 61
SNPs associated with elemental accumulation in seeds. Although they were able to identify significant 62 markers associated with regions of the genome, in most cases, they were left with hundreds of markers 63 per trait that often implicated linked genomic regions that could not be resolved to individual candidate 64 genes. They further built three co-expression networks, two from publicly available data and one from 65 root tissue designed to represent the phenotype measured in the respective GWAS. Schaefer et al. 2018 66 integrated the significant markers for each trait with the co-expression networks using their Camoco 67 framework to identify and better prioritize candidate genes associated with elemental accumulation. 68
Here, we apply this framework to Medicago truncatula using publicly available expression 69 datasets, and markers from a previously published GWAS focused on nodulation traits. We demonstrate 70 that Camoco framework, originally established in maize, indeed generalizes to other species and traits, 71
and provides an effective means of pinpointing candidate causal genes associated with nodulation. 72
RESULTS AND DISCUSSION
73
Integration of nodule focused genome-wide association study with co-expression 74 networks
75
To identify candidate genes associated with nodulation traits, we used a previously published 76 GWAS (Stanton-Geddes et al., 2013) as well as two publicly available RNA-seq datasets. The GWAS 77 consisted of 226 M. truncatula accessions that were previously grown in replicate and phenotyped for 78 five different nodulation traits as well as flowering time, trichrome density and height. By manually 79 inspecting their most significant 50-200 SNPs ranked by p-value, the authors discovered several genes 80 near significant SNPs that were previously associated with nodulation traits (Stanton-Geddes et al., 81 2013). Similar to other GWAS studies, the authors focused on genes that either contained or were 82 directly adjacent to significant markers even though, in some cases, other genes may also be plausible 83 candidates given their linkage to the significant markers (Branca et al., 2011). We selected a subset of 84 these traits and markers from the study to serve as input for the GWAS/co-expression Camoco pipeline 85 (Table S1) . 86
As a basis for our co-expression networks, we used two publicly available RNA-seq expression 87 data sets. The data consisted of 138 samples consisting of three different genotypes, three different 88 tissues, four different rhizobium treatments, and presence-absence of nitrogen (Table S2) . We then built 89 six different co-expression networks using Camoco (https://github.com/schae234/Camoco) (Schaefer et 90 al., 2018). Four of the six networks were constructed from a single tissue type (Leaf, Root, Nodule, 91
JQL_Nodule), and the other two networks (referred to as the "General" network and "JQL" network) 92
were constructed from a combination of different tissue types (Table S3 ). The diversity of tissue types 93 within each co-expression network allows for the detection of signals corresponding to different 94 biological processes that may have remained undiscovered if all samples were combined into one large 95 network (Schaefer et al., 2014 (Schaefer et al., , 2018 ). The total number of genes that passed the co-expression network 96 construction phase was relatively consistent among the four networks, with each network consisting of 97 roughly 22,000 genes ( Table S3 ). Genes that were excluded from each network were either not 98 expressed, or did not exhibit enough variation in expression between samples to robustly measure 99 covariation. The smaller number of genes within the nodule-specific network was expected, as fewer 100 genes are expressed in nodule tissue relative to others (Benedito et al., 2008) . 101
To test whether the networks were capturing biologically meaningful relationships, we 102 measured the enrichment in each network for known biological relationships. Using sets of genes 103 coannotated to the same Gene Ontology (GO) term, the relative density (how highly an established set 104 of functionally related genes are co-expressed with each other) was measured and compared to density 105 values of randomly sampled gene sets of the same size. All six networks demonstrated functional 106 enrichment of at least ten-fold ( Figure S1 ), indicating that many more GO terms exhibited evidence of 107 co-expression than expected by chance for all six networks. 108
Using the six co-expression networks and selected GWAS markers, we applied the Camoco 109 pipeline to prioritize candidate causal genes. Briefly, Camoco, which was originally described in Schaefer 110 et al. 2018, evaluates candidate genes linked to significant GWAS markers on the basis of their co-111 expression with genes linked to other significant GWAS marker based on the assumption that some 112 causal genes should exhibit strong co-expression relationships with other genes associated with the 113 trait. Camoco is depicted in Figure 1 , and the details of this analysis are provided in the Methods section. 114
Any genes reported by Camoco with an FDR < 0.35 were considered candidate genes and included in 115 further analysis. 116
The results of the Camoco framework yielded 489 high-confidence candidate genes across all 117 GWAS trait and network combinations. We also measured the number that persisted at more stringent 118 FDR cutoffs, and indeed we were able to discover genes across a range of FDRs (FDR < 0.2: 172 genes; 119 FDR < 0.1: 32 genes; FDR < 0.05: 3 genes). Analysis of the Nod_A trait (strain occupancy in the top 5 cm 120 of roots) with the Mt_JQL_Nodule network combination, revealed a high amount of network 121 connectivity between genes. To illustrate the basis for highly prioritized candidate genes, we highlight 122 the observed co-expression relationships for MEDTR2G101090 (Figure 2) , which was one of the top 123 prioritized candidate genes for the Nod_A. MEDTR2G101090 is linked with a significant GWAS marker 124 and is highly co-expressed with genes linked to significant loci on several other chromosomes (Figure 2) , 125
suggesting that the Camoco framework is discovering meaningful relationships. 126
Importance of trait and tissue specificity in co-expression networks
127
The number of high-confidence candidate genes discovered by Camoco varied significantly 128 across different combinations of traits, networks, and parameters (Figure 3) . Interestingly, the nodule 129 based Mt_JQL_Nodule co-expression network combined with the Nod_A trait yielded the most high-130 confidence candidate genes across all network-trait combinations, which likely reflects a strong match 131 between the tissue in which expression covariation was measured and the biology of the phenotype of 132 interest (in this case, both focused on nodules). Surprisingly, the root-based network performed the 133 worst even though we expected strong biological relevance for nodulation based traits. It was the 134 poorest performer across all GWAS traits, only producing a few candidate genes for the Nod_B trait 135 (strain occupancy below the top 5 cm of roots). This result could possibly be due to the timepoint at 136 which RNA was extracted from the roots. For example, if RNA was extracted at an earlier timepoint 137 when nodules were still early in development, there may have been more informative expression 138 patterns, allowing for the discovery of candidate genes. 139
The leaf network was the only network that consistently identified candidates for the height 140 trait. While this is biologically unsurprising, this network also discovered significant genes for a few 141 nodulation traits, suggesting that there are processes detectable in leaf tissue with relevance to 142 nodulation. The General network, which consisted of the largest number of samples and tissue types 143 only generated a few candidates for the Nod_B phenotype. 144
These results suggest that the context from which the co-expression network was derived, and 145 its relation to the GWAS phenotype, play an important role in determining whether the Camoco 146 approach is able to prioritize high-confidence genes. Notably, our results suggest that combining many 147 different types of tissue into one large network does not perform well as a smaller, more concise, tissue-148 focused network, even though it is based on a larger set of expression profiles. One reason for this is 149 that combining expression data from very different contexts introduces more variation across each 150 gene's profile, but that variation likely reveals generic modules that represent large sets of genes that 151 simply are expressed in the same subsets of tissues. In contrast, networks derived from specific tissues 152 capture more subtle covariation that reflects co-regulated genes functioning in processes relevant to 153 that tissue that may otherwise be lost in larger sets of expression profiles. 154
GWAS marker significance and proximity to genes are variable when integrating co-155 expression analysis
156
A common approach to interpreting GWAS studies is to manually inspect the most significant 157 markers and look for candidates that are closest in proximity to the marker of interest. Unfortunately, 158 the closest genes to GWAS markers may not always be the ones that are causally driving the association 159 with the phenotype. When looking at the height trait in the leaf network, we see an increase in signal 160 (i.e., number of Camoco-identified high-confidence candidate genes) as we increase the number of 161 flanking genes surrounding each marker ( Figure S2 ). When the window size is increased from 10 kb to 162 20kb, we see that the signal drastically increases, indicating that there are genes further out from the 163 marker that are highly co-expressed with a subset of these genes. However, when an even larger 50kb 164 window is used, no high-confidence genes are reported. The loss of signal at the largest interval (50kb) is 165 expected as the number of potential candidate genes per locus increases sharply (the large majority of 166 them being false positive as one considers candidates further from the locus peak). Ultimately, this large 167 number of false candidate genes obscures the identification of co-expression relationships among true 168 causal genes, and the approach no longer works. This analysis suggests that several of the GWAS loci 169 implicated for these traits are likely driven by causal genes that are not directly adjacent to the GWAS 170
peaks. 171
Similarly, the constraint of only focusing on the most significant markers (e.g. derived from 172 extremely conservative significance cutoffs on the association test) leaves other candidates that are 173 truly associated with the phenotype neglected. The Camoco framework can provide filtering of false 174 positives at lower significance thresholds, by integrating information from the co-expression network. 175 genes. Instead, we applied a less conservative threshold (p-value < 3 x 10 -5 ), which resulted in 292 SNPs, 179 which was able to produce several high-confidence candidate causal genes, which would have otherwise 180 been ignored (Table S1 ). In general, of course the number of markers produced at any confidence 181 threshold will depend on the trait's genetic architecture and the study design, but this analysis suggests 182 that the Camoco approach can better produce candidate genes with less conservative thresholds on 183 marker association. 184
Identification of nodulation-related genes using co-expression and GWAS
185
To identify a small set of the most promising high confidence candidate genes for more 186 investigation, we further narrowed candidate genes lists for the Nod_A trait by focusing on genes that 187 were consistently discovered across different parameter settings. Using the JQL_Nodule network, we 188 narrowed the candidate gene lists by limiting candidate genes to those that appeared in at least three 189 Because multiple co-expression networks were able to support the discovery of strong 202
candidate genes for Nod_B, we defined a short list of high-confidence candidates by requiring high 203 confidence genes to be consistently prioritized as high-confidence candidates across all networks for the 204 Nod_B trait and were discovered across 4 or more parameter settings (Table 2) Another promising candidate, MEDTR4G073400, which also appeared as candidate 9 times, is annotated 209 as Synaptotagmins-1-related, which play a role in the formation of root nodules (Gavrin et al., 2017) . 210
Overall, these results demonstrate that the integration of co-expression networks to interpret 211 GWAS results was able to effectively prioritize genes causally associated with nodulation processes. The 212 genes that are directly connected to PEN3-like would serve as valuable candidates for follow-up studies 213 due to their similarity in expression profiles across tissues. Another approach to prioritizing candidates 214 from among the set produced by the Camoco analysis is to rank based on their linked GWAS marker's 215 significance value. For instance, the candidate causal gene associated with the marker with the highest 216 significance was the PEN3-like gene while our P-loop nucleoside triphosphate hydrolase superfamily 217 protein hub gene was ranked 270 out of 523 significant markers input into the Camoco analysis. 218
Conclusions
219
Using an M. truncatula GWAS focused on nodulation traits as well as expression data from 220 different tissues, rhizobium strains, nitrogen treatments and accessions, we were able to identify a 221 subset of genes surrounding GWAS markers that are highly co-expressed with one another. From these 222
lists, we discovered a previously validated nodulation gene PEN3-like as well as several other genes 223 whose annotations are associated with nodulation. Uncharacterized genes within our high-confidence 224 lists are worthy of more in-depth follow-up studies using Tnt1 or CRISPR knockouts. 225
Schaefer et al. 2018 developed the Camoco framework and integrated co-expression networks 226
and GWAS in maize in order to capture variation associated with elemental uptake in seeds. Our current 227 study used a higher-density GWAS that focused on a different phenotype, different plant species, and an 228 expression data set that was not explicitly created for this study. One common theme between the 229 studies is that the choice of the co-expression network matters; specifically, tissue-relevant networks 230 derived from expression variation across diverse genotypes appear to perform the best in ranking 231 candidate genes. This was true in maize, and we report here that this is also true in Medicago. We 232 believe this result is likely to generalize to many other contexts, and it suggests as a community, more 233 emphasis in the generation genotype-focused networks would be worthwhile if we hope to build 234 resources for functional interpretation of phenotype-associated variants. It is also important to mention 235 that we were able to generate a panel of high confidence candidate genes using two independent 236 datasets that were not generated specifically for this study. 237
The majority of candidate genes discovered in this analysis would have mostly likely been 238 neglected by traditional GWAS analyses unless they were under the most significant markers. By 239 combining co-expression networks with GWAS, the functional relationship between genes related to the 240 GWAS phenotype are more likely to be discovered. It is also important to note that based on our 241 analysis, in many cases, the nearest gene to a marker was not the gene predicted to be causally 242 associated with the phenotype. 243
In general, we demonstrate that the Camoco framework for integrating co-expression networks 244 with GWAS generalizes beyond the species for which it was originally developed and applied (maize 245 ionomic traits), as it shows utility for prioritizing genes related to nodulation in Medicago truncatula. 246
Based on these results, we expect that the approach will generalize to a wide variety of other species 247 and traits as well. 248 
MATERIAL AND METHODS
257
Medicago experimental design and sample extraction Network health statistics were generated using GO terms from 292 (http://jcvi.org/medicago) and 1000 bootstraps. SNPs were integrated into Camoco using built-in 293 functions, and per gene, density measurements were run with 1,000 bootstraps. 
TABLES
